Introduction

24
Accurate identification of physical and geochemical aquifer properties controlling 25 groundwater contaminant behavior is critical for reliable contaminant plume prediction, 26 remediation design and operation, and effective management of groundwater resources.
27
Spatially distributed physical and geochemical heterogeneities control solute transport in 28 groundwater; thus, they are of pivotal importance for understanding the fate of implemented jointly with pressure-based methods. These techniques have been applied to 40 successfully estimate or "image" the physical heterogeneity of the subsurface in field 41 cases (e.g., [1] ). Here, and throughout this manuscript, the term "imaging" is used to 42 describe the estimation of the spatial distribution of an aquifer property of interest.
43
The spatial distribution of biogeochemical properties exerts a key control on 44 contaminant transport. For instance, the heterogeneous distribution of organic matter in The outline of the paper is as follows: in Section 2, we present the proposed 
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The molar fraction of As to pyrite was set to 0.015 and was within previously reported 164 ranges of sedimentary materials [63, 68] .
165
During the modeled dissolution of As-bearing pyrite, dissolved As(III) was 166 oxidized to As(V) which was the dominant As specie at steady-state. Additionally, 
where r HFO is the rate of formation of HFO, k is an empirically derived constant set to 10 The objective of the geostatistical approach is to determine a vector of unknowns is a nonlinear optimization problem that is commonly solved using iterative Gauss-
209
Newton method where the initial guess is repeatedly updated to obtain a new As-bearing 210 pyrite distribution fitting the data. Specifically, in this application focused on imaging
211
reactive As-bearing minerals, y is the oxygen concentration at monitoring well, h is 212 reactive transport model, and s is spatially distributed As-bearing pyrite concentration.
213
While the geostatistical method is well suited for small-to moderate-scale inverse 214 problems, it becomes computationally challenging and costly for large-scale inversions.
215
Furthermore, the geostatistical method requires computation of the derivative of the 216 forward problem (Jacobian matrix, i.e., sensitivity of the observations to the unknowns)
217
which typically requires intrusive changes in the forward model code which is 218 challenging for multi-physics problems that utilize coupled forward models. 
The principal component geostatistical approach
220
The PCGA expedites the geostatistical inversion by avoiding the direct evaluation 
234
To enforce positivity in the estimation of As-bearing pyrite concentrations (C pyr )
235
we used a square-root transformation: Beginning with a simplified domain, we simulated the oxidation of As-bearing As-bearing pyrite. After sufficient time, all the As-bearing pyrite will react and leave the 256 system, but due to the slow kinetics of As-bearing pyrite dissolution the system reaches a 257 pseudo-steady state in which the reaction byproduct concentrations are unchanged. 
285
A measurement error of 4% of the maximum oxygen consumption was added to the 286 observed concentrations simulated from "true" As-bearing inclusions. Using this domain,
287
we examined (1) the number of forward simulation model runs, i.e., the number of 288 principal components (K) needed to obtain a reliable estimate of the unknown field and
289
(2) the effect of the number of measurements on the accuracy of the best estimate. provides a framework for selecting the model parameters to be used for the inversion.
323
The resulting parameter values are reported in Table 2 . The inversion successfully estimate as compared to the true distribution, we observed that it does not change 364 significantly as a function of K (Figure 6a ). This is due to the simple geometry of the true 365 22 concentration field, which only requires a relatively small number of simulations to 366 obtain a reasonable estimate.
367
While the estimated location of the pyrite lenses can be accurately determined 368 with a small number of principal components, the estimation uncertainty was generally 369 underestimated because of the approximation used in Equation (4). Increasing K resulted 370 in decreased RMSE of the uncertainty as shown in Figure 6c . Thus, it is recommended 371 that more principal components be added to accurately quantify estimation uncertainty.
372
While this requires more simulation runs, starting with a moderate number of K values
373
and increase K when convergence is achieved, the correct estimation uncertainty can be 374 gained. 
Effect of number of measurement points
376
To evaluate the efficiency of the inversion approach, the effect of the number of 
Conclusion
